Abstract: This work studies the characteristics of the wind resource for a location in the north zone of Tehuantepec isthmus. The study was conducted using climatic data from Cuauhtemotzin, Mexico, measured at different altitudes above the ground level. The measured data allowed establishing the profile of wind speeds as well as the analysis of its availability. Analysis results conclude that the behavior of the wind speed presents a bimodal distribution with dominant northeast wind direction (wind flow of sea-land). In addition, the area was identified as feasible for the use of low speed power wind turbines. On the other hand, the application of a new approach for very short-term wind speed forecast (10 min) applying multi-gene genetic programming and global sensitivity analysis is also presented. Using a computational methodology, an exogenous time series with fast computation time and good accuracy was developed for the forecast of the wind speed. The results presented in this work complement the panorama for the evaluation of the resource in an area recognized worldwide for its vast potential for wind power.
Introduction
In recent years, wind energy (WE) has presented an unceasing growth as a sustainable alternative for electric power production. According to Renewable Global Status Report 2017 [1] , it represents the second greatest source of sustainable electric power generation only below hydropower. The total wind energy construction is estimated to grow by 21% in the next years [2] because of the advancement in the sophisticated procedures to fabricate and install wind turbines having a height greater than 170 m.g.s.l.
In that context, Mexico is one of the Latin-American countries with the highest prospects for growth in the WE sector [3] . The vast extension of its territory, its wide coastline, and the diversity of its orography provide conditions for a wide wind potential (Figure 1 ). Several studies have Weibull, Rayleigh, and Normal Probability Density Frequency are the most widespread methods for the evaluation of WR [7] . However, studies have shown that these models are not completely suitable for various regions of the world [8] [9] [10] , given the orography of a specific site (SS) and the stochastic nature of the wind. These implies the need to develop the precise models for the estimation of the wind frequency in the area in order to establish the viability of wind projects. Zhou et al. [8] performed a comprehensive evaluation using different probability density functions (PDF) for WS data in several sites of North Dakota, USA. The results indicate that no particular distribution outperforms others for all sites, where Weibull and Raylegth functions present the worst statistical approximations. Gräbner et al. [9] reported that, for locations in Jamaica, Cuba, and Japan the Weibull PDF does not adequately represent the occurrence frequency of the wind. Based on their study, a multi-modal adjusting is required for the estimation of the wind speed distribution. Similarly, studies conducted by Jaramillo et al. [10] at the south of Tehuantepec Isthmus (La Venta, Mexico) identified that occurrence frequency of wind speed is described by a bimodal distribution. According to Jaramillo, the consequences of using incorrect PDF models can underestimate annual energy production by 12%.
Forecast represents another important tool for the wind evaluation. It is used to reduce financial risks of investment and to establish control strategies in the operation of wind turbines. Wind potential forecast represents a powerful tool to face the challenges of integrating wind energy in current power distribution systems such as the stabilizing of power flux, voltages, frequency, and electric currents before being injected into the grid, as well as the damages to wind towers by underestimation of wind speed. It allows anticipating the intermittent nature of the wind and regulating the energy fluctuations to take advantage of its potential to the fullest [11] [12] [13] [14] [15] . In this sense, probabilistic forecasting approach have become relevant because they can produce quantitative information associated with the inherent uncertainties of the wind [16] . Nielsen et al. [17] developed a probabilistic forecast model to construct interval predictions relied on quantile analysis of point forecast errors. Pinson and Kariniotakis [18] described a generic method to incorporate conditional interval prediction with various nominal coverage rates in order to obtain full predictive distributions of wind generation. Liu et al. [19] developed an integrated wind power forecasting methodology using an probabilistic approach comprised of wind interval estimation to facilitate the operation and management of wind farms. In [20] , Zhang and Wang presented a general framework based on K-nearest neighbors and a kernel density estimator to probabilistic forecasting wind power.
Another wind forecast perspective, widely studied in recent years, has been the use of artificial intelligence (AI) techniques. It has acquired great relevance for facing the challenges that complex forecast problems entail, due to its learning capacity, robustness, and high precision [21] . Several studies have shown that AI techniques are suitable for the prediction problems related to WE [22] [23] [24] [25] . Cruz May et al. [22] used Recurrent Neural Networks with extended Kalman filter (RNN-KF) to predict wind speed measurement in an time interval of 15 min. Sreelakshmi and Ramakanthkumar [23] applied Support Vector Regression (SVR) in order to forecast very short-therm wind speed using a database correspond to 12 years measured every 10 min. In [24] , Zhang et al. examined wind speed time series forecast based on Wavelet Artificial Neural Networks (WNN), Singular Spectrum Analysis (SSA), and Particle Swarm Optimization (SPO). Li et al. [25] studied the combination of Bayesian algorithms with different neural network models (adaptive linear element, back-propagation, and radial basis function) to forecast hourly average wind speed. In this context, the use of predictive models that rely on other atmospheric variables has represented an alternative in the search for more accurate and real forecasts [26] [27] [28] . Hocaoglu et al. [26] developed a Hidden Markov model (HMM) to predict wind speed in function of its pass values and the observed atmospheric pressure. Cortés Pérez et al. [27] used Multi-layer Perceptron Neural Networks (MLP-NN) for a 48 hour wind forecast. The predictive model was designed considering the date, temperature, atmospheric pressure and past wind records as independent parameters. Cadenas et al. [28] produced a nonlinear autoregressive exogenous ANN model (NARX) for one-hour wind speed forecasting, in advance horizon. Results demonstrate that the incorporation of the weather variable solar radiation together with the previous wind speeds generate better prediction results with respect to simple self-retrogressive models. However, to the authors' knowledge, there are no reports of exogeneous models to forecast wind speed based on an evolutionary programming modeling approach.
Based on the aforementioned, this article focuses on presenting the WR assessment, and wind forecast AI modeling for the north of Tehuantepec Isthmus. Weather data correspond to meteorological campaign measured in Cuauhtemotzin, Tabasco, Mexico. The resource assessment presented in this paper is relevant since it corresponds to the first analysis of wind potential measured on the north site of this important WE region. On the other hand, a novel very short-term WS forecasting approach using a multi-gene genetic programming (MGGP) and Global Sensitivity Analysis (GSA) is developed. The contribution of the modeling process lies in that this is the first time that MGGP is used to forecast and contrast with the assessment of WR for the case of coastal zones in hot humid tropics. The results of this work are relevant, since they provide a first analysis to complete the energetic wind panorama for the region of Tehuantepec Isthmus. The paper is organized as follow: Section 2 describes the study location and data acquisition process. Section 3 presents wind assessment study. Section 4 MGGP wind forecast approach and results are detailed, and the last section contains the conclusions.
Study Location and Measured Data

Specific Site Location
The selected location for weather data acquisition corresponds to the coastal zone of Cuauhtemotzin, Tabasco, Mexico positioned geographically in the north of Tehuantepec Isthmus (latitude: 18 • 12 15.10 N; longitude: 94 • 06 13.52 W; height: 16 m.a.s.l). This is located southeast of Mexican country on the border between Tabasco and Veracruz, bounded on the north by the Gulf of Mexico and on the south by La Venta, Oaxaca. This region is characterized by a flat wooded land with vegetation, surrounding trees of medium and high altitude, and hot humid tropic climate.
Cuauhtemotzin represents one of the access point for the virtual trajectory of the wind circulating from the Gulf of Mexico to Pacific Ocean. Figure 2 shows the isotach (lines with equal wind speed in a short or medium distance) extended arbitrarily to indicate the direction of the wind flow that is exchanged in the Tehuantepec Isthmus. As can be seen in the figure, due to the orographic conditions of the south of the Isthmus, this reduces the circulation area of the air coming from the gulf increasing its kinetic energy. This causes the wind circulating in the study zone to have moderate speed but with continuous flow throughout the year. 
Experimental System and Instrumentation
To measure climatic data, two wind monitoring towers (Cuauhtemotzin I and Cuauhtemotzin II), were built by Autonomous University Juarez of Tabasco in the study site, separated by 3.8 km. A set of automatic weather stations (AWS) were installed at 33 and 54 m.a.g.l. for Cuauhtemotzin I, and 26 m.a.g.l. for Cuauhtemotzin II. Weather parameters measured were solar irradiation, wind speed, wind direction, ambient temperature, atmospheric pressure, rain precipitation and relative humidity. The sampling period of weather variables was 1 Hz and the records were obtained by arithmetic averages every 10 min. The records were stored in a data logger and managed remotely by Global System for Mobile (GSM) protocol communications. An Internet server was located 160 km away to store the registers in a database, and then process and analyze them.
Climatic datasets collected correspond to a measurements campaign conducted in 2016. Figure 3 illustrates WS trends from the three heights measured, randomly taken from the database for one day (24 h ). The figure shows high roughness conditions around the study area given by the low wind speed levels reported at 26 m. On the other hand, the records indicate that the increments of height double the wind speed at 54 m (gain of 50%). 
Wind Assessment
This section presents the statistical analysis of the wind data measured by the two monitoring towers. Other than that, the influence of climatic variables on wind speed is also studied, as well as the profile of wind speeds for the zone.
Hellman Power Law
Hellman power law was used to correlate the increment of the wind speed with the increase of the height in the study zone. It is one of the most widespread wind profile models by various organizations to compute the vertical wind increases over a flat terrain [29, 30] . Assuming neutral atmospheric conditions, the model is given by:
where WS is the wind speed at height h; WS 0 is the reference wind speed at the reference height h 0 ; and α is the power law index (PLI) determined by the orographic characteristics, surface roughness, mean wind speed, and climatic conditions [31] . The calculation of this profile is useful to perform approximations of wind speed at a similar height of wind turbine hub height. In the current work, the obtained results were evaluated for a wind turbine (WT) hub height of 54.0 m and cut-in wind speed of (WS c ) 3.0 m/s [32] . The selected WT is designed to operate in low wind speed regions.
Wind Distribution Function
The International Standard IEC 61400-12 and other international normatives recommend the use of the Weibull probability distribution function (PDF) to estimate the WE frequency, which is described by the mathematical expression:
where c is the scale parameter, k is the shape parameter, and WS is the wind speed. However, studies carried out at the location of La Venta (south of Tehuantepec Isthmus) indicate that this expression is not adequate to represent the wind regimes in the area [10, 33] . According to these studies, a Bimodal PDF provides a better fit to describe the wind behavior for the south of Tehuantepec Isthmus:
It is composed of a linear combination of two weighted Gaussian distribution functions where A 1 and A 2 represent the weight factors, σ 1 and σ 2 are the scale factors established by the standard deviation of the left and right Gaussian distribution, and µ 1 and µ 1 are the factors established by the location of the mean value of the left and right Gaussian distribution.
To identify the PDF model with the best fit performance respect to the wind behavior, a comparison using the statistic measurements coefficient of determination (R 2 ) and Kolmogorov-Smirnov test (SK) was conducted. R 2 is a statistical measure widely used for the evaluation of WS frequency distributions [34, 35] . It measures the strength of the linear relationship between the expected and observed frequencies of the bins; the greater is its value (R 2 ≈ 1), the greater is the fit of the model to the behavior of the probability distribution. On the other hand, SK represents the maximum difference between the cumulative probability of the specified distribution and that of the empirical distribution function calculated [8] . Contrary to R 2 , smaller KS values indicate a better fit between the underlying theoretical distribution and the observed data values.
Assessment Results
Wind Profile
PLI for Cuauhtemotzin wind profile was calculated and verified by using annual average WS for the three height measured in the zone. Applying Equation (1) an α = 0.5988 was obtained. As can be seen, this value is much higher than those reported in Table 1 . This indicates a high roughness in the surrounding terrain, caused by the height of the trees and vegetation in the area (20-40 m.a.g.l.).
In addition, studies have shown that PLI is regularly affected by air temperature [36] ; therefore, the warm humid climate of the study site also represents an influential factor for the obtained α value. Table 2 contains a comparison of the obtained α with respect to other values reported in the literature. The comparison contemplates the WS estimation at a height of 54 m (m.a.g.l.). As can be appreciated, by increasing PLI value, the estimation error of the WS extrapolated decreases until it reaches 3.41% less than the measured WS using the computed α. To identify the WR feasibility for Cuauhtemotzin, extrapolated WS α=0.598 was analyzed with respect to the operating conditions of wind turbine models (WTM) with 54, 50, and 60 m (m.a.g.l.) hub heights, respectively. WTM considered are designed to operate in low wind speed regions [32] . Results in Table 2 show that WS α=0.598 exceeds the cut-in wind speed (WS c ) for the three WT models analyzed. Therefore, Cuauhtemotzin location has favorable conditions of operation under the design conditions evaluated. The WS vertical profile obtained in this study is illustrated in Figure 4 . 
Data Analysis
The statistical results from the analysis of the wind data measured at the study site are summarized in Table 3 . From the table, the annual average wind density (ρ air ) reported is 1.17845 kg/m 3 with a standard deviation (Std. Dev.) of 0.01488 kg/m 3 . These variations are caused by the influence of air temperature (T a ), atmospheric pressure (P atm ), and relative humidity (RH). The measurements identified that ρ air presents an exchange rate of 0.0046 kgm −3 • C −1 for the warm humid tropical climate conditions of the region. Additionally, presences of RH in the air reduces significantly ρ air . The statistical results indicate that, for Cuauhtemotzin zone, RH presents a variation of 20% per year with a Std. Dev. ±8.8614, being the element with the greatest impact on annual ρ air fluctuations. Based on the previous description, annual reports of ρ air are lower than the standard value assumed in the literature for the evaluation of the wind potential (ρ = 1.225 kg/m 3 ). Therefore, the use of the standardized ρ for the location of Cuauhtemotzin underestimates the wind potential for up to 6.3%. The comparison of the wind probability estimation models presented in Table 4 indicate that Weibull model is not suitable for the description of wind behavior in the area (R 2 < 50% and KS > 0.9). Otherwise, modeling results for bimodal function present R 2 > 99% and KS 0.1 for the three measured heights, providing great reliability in the models for the estimation of the wind resource. Table 4 also contains the recorded annual average values of wind speed and wind power density (WPD). As can be seen, the Weibull model underestimates the available WPD, which has repercussions on wind turbine operation problems and damages. These results agrees with that reported by Jaramillo et al. [10] where the winds in some coastal areas or sites are bimodal. Therefore, Weibull model, recommended by the International Standard IEC 61400-1, is not appropriate for the evaluation of WR in Tehuantepec Isthmus and specific site with similar characteristics. Figure 5 shows the relative and cumulative probability density obtained by Bimodal PDF to identify the characteristics of the wind in Cuauhtemotzin. The dominant WS for the measurements at 26, 33, and 54 m (m.a.g.l.) are 2.51 (12.30%), 2.84 (10.78%), and 3.53 m/s (10.11%), respectively. This categorizes the location as a zone with wind class 1 [37] . On the other hand, cumulative frequency graphs provide maximum and minimum useful wind interval for each measured height (between 50% and 95% of the bimodal distribution). According to the aforementioned, the dominant and average speed of the wind (3.53 and 4.12 m/s, respectively) at 54 m are enough to overcome the cutting speed (3.0 m/s), allows the rotation of the generator. In addition, the cumulative frequency at this height shows that the useful wind range is between 3.29 and 9.52 m/s. This indicates very low possibility to reach the rates wind speed (v r = 12.00 m/s), ensuring an acceptable continuous operation. According to Figure 6 , NE-N is the most dominant and prevalent wind direction in Cuauhtemotzin. Additionally, the wind behavior shows that it has 16 different dominant sections, as listed in Table 5 . It was identified that that four of these sections have the highest average WS and frequency. Therefore, separating for this case into two predominant modes for the direction of wind flow-sea-land and land-sea wind-at the site. This coastal dynamic intercalation of the wind agrees with a bimodal behavior where the average wind speed is WS ∼ = 3.2247 ms −1 and the standard deviation between these is σ ∼ = 0.504 for that address sector, whose neighbourhood of greater frequency are in: NNW, N, ENE, NE and NNE, while for the rest of the directions of the historical wind rose of the site, the WS ∼ = 1.4123 ms −1 and the standard deviation is σ ∼ = 0.339. 
Artificial Intelligence Forecasting Modeling
Based on the results presented in the previous section, Cuauhtemotzin has wind conditions of interest for the development of wind projects, from the technical point of view. This makes it feasible for the development of forecasting models. WS forecasting is crucial to improve the operability and optimize the profitability of wind projects. However, given the random and unstable nature of the wind, the development of effective prediction models is very complicated. According to this, an AI approach with global sensitivity analysis (GSA) is presented in this work as an alternative method to forecast the wind resource in a wet humid tropical zone. AI technique used to forecast is the known as Multi-Gene Genetic Programming (MGGP). The prediction horizon considered in this paper corresponds to a very short-term wind forecast with 10-min intervals [38] .
Multi-Gene Genetic Programming Approach
MGGP is a computational technique based on Charles Darwin's evolution theory used for the modeling of complex non-linear phenomena. MGGP method consists in a set of mathematical expressions randomly generated, which are evaluated and modified iteratively in order to obtain the model with the minimum global error between simulated results and experimental measurements [ Figure 7 . First, the algorithm is initialized by creating a random population of mathematical functions from simple arithmetic operators and independent process variables. Subsequently, the models are ranked according to their performance, discarding the worst models and assigning the best ones for a genetic recombination process. In genetic recombination, the models develop offspring through the modification of genes (mutation or cross-over) in order to generate better mathematical solutions. The new elements are incorporated into the population. The new population is tested again in the algorithm until the number of generations assigned to the process are completed or the minimum tolerable limit of error is reached. The final product is a mathematical equation described by the form:
MGGP iterative modeling process is illustrated in
where H are the genes, m is the weight of each gene, B is the bias or offset value, and the subfix n represents the total number of genes for the MGGP model.
Computational Methodology
In this work, forecast model considers the influence of climatic variables on the WS behavior. Therefore, the developed model corresponds to a WS time series WITH additional exogenous input variables. To model using the MGGP method, a series of activities are required ( Figure 7) ; these are summarized in the computational methodology described below:
(I) Working database generation. A working database was created by using the atmospheric parameters acquired with the AWS during the measurement campaign from Cuauhtemotzin II. The climatic parameters considered to integrate the database were selected from the cross-correlation analysis presented in Table 3 , assuming a relevance threshold >10%. Besides, to know the number of required WS past values for the modeling process, an autocorrelation analysis was performed. The analysis indicates that WS has a strong correlation with respect to four previous measurements. The information of the database used for the modeling process in MGGP is enlisted in Table 6 . (II) Development and evaluation WS forecast models. To perform the modeling, the database was divided into a training section and test section. In the training section (integrated by 80% of the data), the algorithm learns to estimate the results from a function based on samples of real measurements. Then, the best equations are evaluated with the test data (the remaining 20%); this second part has the purpose of determining the feasibility of the model to evaluate data that are not involved in its creation.
To obtain a reliable model, several runs for WS forecasting were conducted based on the previously described evolutionary algorithm. The evaluation of multiple runs and different modeling parameters represents a suitable computational strategy to find out the non-linear relationships between the input and output variables.
(III) Statistic analysis. Statistical evaluation was conducted to identify the forecast model with the best accuracy. In the current work, the statistical parameters used are the Mean Percentage Error (MPE) (Equation (5)), Root Mean Squared Error (RMSE) (Equation (6)), and Mean Absolute Error (MAE) (Equation (7)). These parameters correspond to most widely used in the evaluation of predictive models based on AI [22] [23] [24] [25] 40] . MPE describes how many the forecasts of a model differ from actual values of the quantity being forecast. MPE is expressed mathematically as:
where a represent the number of samples per set, WS Exp is the measured WS and WS MGGP is the forecasted WS. The RMSE determines the accuracy of the model comparing the deviation of simulated and experimental values:
High values of RMSE indicate high error margins in the forecasts, while values very close to zero indicate predictions with high accuracy. The MAE is useful to identify the mean error value between the observed and adjusted series. Similar to the RMSE, the best forecast models are found in the values closest to zero. It is given by the expression:
Besides, the coefficient of determination (R) is another adjusted time series parameter that shows the relationship of the predicted data with the measured data:
where ( 
Sensitivity Analysis
Sensitivity analysis determines the relative importance of the M input variables of a mathematical model (x i = x 1 , x 2 , . . . , x M ) with respect to its output response (y k ). Due to the heuristic nature of AI-based models, sensitivity analysis is a necessary process to determine the adaptation of the system to the phenomenon studied [41] . In a sensitivity analysis, the greater is the disturbance in the output of the model, the greater is the influence of the evaluated variable. In the present work, Effective Elements Test (EET) was used [42] . EET is a global sensitivity analysis with low computation time, which ranks the importance of the input variables in a simple way by using the so-called Effective Elements (EEs). These characteristics make it suitable for the analysis of renewable energies' complex computational models based on AI.
EET works under the concepts of random sampling and One-factor-At-Time (OAT) to compute the EEs. The first one is based on the generation of r random samples for each input variable by using the Latin Hypercube method. In the second one, for each set of input variables (x i = x 1 , x 2 , . . . , x M ), perturbations are induced by varying one input factor at a time and keeping the other variables fixed. This alteration produces a total of M (r + 1) datasets evaluated in the MGGP model. In general, it can be indicated that the EE of the ith input factor x i at a given baseline point x j and for a predefined perturbation ( ) is given by [43] :
The EEs quantify how much the MGGP result is affected by the disturbance in the ith variable, where the total number of EEs per each variable is r. The mean of the absolute values of EEs µ * i is considered the sensitivity measure for the ith input parameter:
Sensitivity can be expressed as a percentage if the sensitivity indices obtained by Equation (10) meet the convergence criteria (convergence of sensitivity index, ranking, and screening) described by Sarrazin et al. [44] . Therefore, we defined the percentage value of the sensitivity as:
where U i represents the normalized mean of the EEs given as the ratio between µ * i and the maximum value of the mean EEs across all the input factors. On the other hand, as a secondary product, the interaction of the ith input parameter with respect other input parameter can be interpreted from the standard deviation of EEs (σ i ):
Forecast Model Results
Multi-Gene Genetic Programming Model
MGGP modeling is influenced by several parameters, affecting the generalization capability of the algorithm. To achieve a minimum prediction error, the model must be subjected to a series of configuration settings. The main parameters that influence the modeling process are the size of the population, the number of genes, the number of generations, the gene tree depth, the set of mathematical functions, the range of the constants, the tournament size, and mutation and reproduction rate. Table 7 enlists the parameter settings used in this work that offer the best accuracy in the shortest computational time possible; its values were obtained by a trial and error approach. Modeling process was conducted using the Matlab software and the GPTIPS 2.0 computational package [45]. To obtain the model that achieve the best fitness for training and testing data, various MGGP runs were performed. The values of the statistical parameters (RMSE, MAE, and MPE) closer to zero assure a better forecasting accuracy. Similarly, R results higher than 0.75 are considered good; R values of 0.36-0.75 indicate a acceptable performance, and R values <0.36 are considered unacceptable. Statistical results for the best WS forecast computational model are presented in Table 8 . As can be appreciated, the statistical indicators show that the model generated with MGGP has good approximations for the estimation of the wind speed in a 10-min interval. Similar statistical ranges have been reported by Cadenas et al. [28] and do Nascimento Camelo et al. [40] for hourly forecasts in Mexico and Brazil, respectively. Moreover, the statistical indicators for both the training and testing phases have similar values, which shows the representativeness of the model with respect to the phenomenon. Consequently, these results indicate that the model is capable of making predictions with a very adequate range of certainty.
Additionally, Table 8 presents a comparison of the model obtained with one of the most widely used models in predictions of time series such as the autoregressive integrated moving average model (ARIMA). From this comparison, it is observable that the prediction approach based on evolutionary programming estimates the wind behavior statistically better than ARIMA for a very short period of forecast, such as the one presented in this work (10-min interval). This indicates the competitiveness of the MGGP to be applied as a tool in the prediction of wind behavior and allows its incorporation as an alternative to the existing computational techniques for wind speed forecasting. Viability of the developed model was analyzed by an autocorrelation study of prediction errors, as presented in Figure 8 . As can be seen in the figure, the autocorrelations of the training and test data do not present perceptible patterns within a significant limit of 95%. Therefore, the errors obtained are due to the random behavior of the irregularities in the time series. 
Sensitivity Analysis Evaluation
Sensitivity analysis was conducted using a sample strategy based on Latin Hypercube, a uniform distribution function for random samples generation, and a maximum number of evaluated samples (r) equal to 500 per each input variable. All calculations were executed using the MATLAB toolbox SAFE 1.1 [46] . According to the results, the evaluation complied with the convergence criteria using the normalized sensitivity indexes, making feasible the presentation of results in percentage form. Figure 9 illustrates the influence for each input variables of analyzed mathematical model. According to the results of the sensitivity analysis, the model perceives that greatest impact on the prediction of wind speed is given by WS −1 with 52.66% followed by WS −2 with 22.36%, WS −3 with 10.14%, G with 8.75%, and WS −4 with 5.25%. On the contrary, the least influential variables were atmospheric pressure, air temperature and relative humidity, with 0.77%, 0.02%, and 0.01%, respectively. These results are in accordance with the indicated by the autocorrelation analysis (Section 4.2), where four previous WS data play an important role in the forecast of the future value to 10 min. On the other hand, the discrepancy between the exogenous variables used and the influence reported in Table 2 is given by the reduced change gradient that these parameters present in the 10-min interval. Similar results were reported by Cadenas et al. [28] for the north of Tehuantepec Isthmus, where four previous WS measurements and G were identified as the most influential parameters to WS forecast with one-hour intervals. The above provides a correlation of wind phenomena between the north and south of Tehuantepec Isthmus, expanding the landscape of the evaluation of the resource for the zone. These results give the certainty to the developed model through evolutionary programming of being able to interpret the physical behavior of the phenomenon, despite being constructed by stochastic processes. Table 9 summarizes the information regarding the degree of interaction of each input variable with the others. As can be seen, the parameters that most influence the others are WS −1 , WS −2 and G. The high influence of the immediate past WS values is due to the nature of the time series, where the previous values are highly correlated with each other in order to carry out the estimation. However, this dependence is reduced as it projects back the past, which is demonstrated by the reduced influence of WS −4 . On the other hand, the influence of G is due to the relevance that this variable has on the various meteorological phenomena of the Earth, among them the WS. In general, with the exception of WS −4 , the influence exerted by the input variables between them is very similar to their impact on the output of the developed model. The results presented in the sensitivity analysis allowed determining that the predictive model based on multi-genetic programming is perfectly adapted to the physical behavior of the wind governed by a series of time. In addition, the interaction results between input variables guarantee what is specified by the autocorrelation, where four previous WS values are enough to forecast the next value.
MGGP Forecast Model Validation
The performance of the MGGP model is validated by a comparison between measured wind values and forecast results by using data not involved in the training and testing phase. To fully appreciate the time series behavior, the evaluation was carried out using measurements corresponding to a full day of each month. In Figures 10 and 11 , the forecast system based on MGGP is subjected to different prediction conditions throughout the year, in which it adapts adequately to variations and sudden changes of the wind. The evaluation demonstrates that MGGP model provides a good approach of WS behavior in 10-min intervals during the 12 months of the year. On the other hand, it is observed that the most of forecast errors present values lower than the real one, indicating that the predictions do not over estimate the wind's energy potential for the area.
It is important to note that since the period of prediction is for the 10 min immediately after, the computation time is irrelevant. For this work, all the predictive calculations were carried out in a period of less than one minute, which provides a wide margin for very short-term decision making. Therefore, the developed model represents the first forecasting approach and a feasible alternative for the very short-term estimation of WS for Cuauhtemotzin location. Both the statistical results and the evaluation of the model showed that it has an acceptable prediction accuracy. Then, the forecasting methodology presented in this work represents an important auxiliary tool for estimating the energy potential of the region, and the results can be extrapolated to different heights under the appropriate considerations. 
Conclusions
Tehuantepec Isthmus is one of the areas with greatest wind power potential around the world. However, although there is extensive documentation on wind's characteristic and behavior for the southern zone of the isthmus, there are no studies that complement the region's energetic panorama for the northern zone. In that sense, this work addressed the wind resource assessment and wind speed forecast for Cuauhtemotzin, Mexico, located at north of the Tehuantepec Isthmus. The study was conducted using climatic data: wind speed, wind direction, solar radiation, air temperature, relative humidity, rain precipitation, and atmospheric pressure measured at 26, 33, and 54 m.a.g.l.
The measurements allowed us to develop the profile of wind speeds for the zone, identifying which external parameters such as temperature, humidity and pressure affect the behavior of the wind. The evaluation of the resource indicated that the dominant wind direction for the area is between the north-northwest and north-northeast (wind flow sea-land) with an annual frequency probability greater than 90%, which have wind speeds higher than average according to the records. In addition, it was also identified that the wind probability distribution cannot be represented under the Weibull model recommended by International Standard IEC 61400-1. The analysis shows that the wind behavior for the region is adapted to a bimodal probability fitting, with an accuracy greater than 99%. These results are similar to those reported in the southern region of Tehuantepec Isthmus. Hence, Weibull probability distribution function is not appropriate for the wind resource assessment in the wind corridor formed in the Isthmus.
On the other hand, the application of a new approach for the prediction of wind speed based on an evolutionary programming is presented. From a computational methodology, a time series exogenous model was developed to forecast wind speed in 10-min intervals, using multi-gene genetic programming and global sensitivity analysis. Forecast model considered the four previous values of the wind speed and as exogenous parameters the solar radiation, air temperature, atmospheric pressure, and relative humidity. The model's statistical parameters (R = 0.9567, MPE = −13.58, RMSE = 0.5287, 0.38831) demonstrated a good precision in the estimation of the wind speed, and the autocorrelation errors indicate the absence of patterns that compromise its viability of use. In addition, sensitivity analysis results show that the most influential parameters for forecasting were the previous values of wind speed and solar radiation. A similar dependence was identified for the south of Tehuantepec Isthmus. This results provides a correlation of the wind phenomena between the north and south zones, expanding the landscape of the evaluation for the resource.
Finally, this work presented the analysis for a case study in Mexico; however, the methodology developed is useful to complete the wind energy scenario in locations with similar geographical conditions around the world. Moreover, it has been shown that multi-gene genetic programming is an effective technique for the prediction of wind speed, enriching the catalog of computational tools suitable for the development of wind forecast models. Thus, the presented methodology and computational approach can be implemented to evaluate the wind resource in different regions. 
